Abstract -In this paper we address the issue of hand contour segmentation from digital images using deformable contour models (snakes). We present a novel variation of the traditional snake solution, where additional nodes are inserted and redundant nodes are deleted to better describe the complexity of the extracted line. Candidate locations for node insertion and deletion are based on an analysis of the energy terms in the snake solution. This allows us to use more closely spaced nodes along the high curvature segments of a hand outline. This dynamic manipulation of the node number and spacing within a single snake allows us to better capture the geometry of the hand and accommodate its radiometric behavior. Here we present our approach, and some experimental results demonstrating its performance as a tool for hand contour segmentation in biometrics, medical imaging, and pattern recognition.
I.INTRODUCTION
THE efficient, automatic determination and verification of identities have long been considered fundamental in a variety of security scenarios and applications. In recent years, it has been widely acknowledged that biometrics is the most reliable means of automatic authentication. The past decade has seen extensive research in the field of biometrics, which has led to major advances in biometric data acquisition, data representation, and a number of effective techniques for using such data to discriminate among individuals.
The increasing range of online services has provided a strong motivation for the development and deployment of biometrics as an effective means of identity verification and validation. The delivery of biometric data in this medium, however, is a nontrivial problem and has become a focus of research in such diverse fields as communication protocol, image and signal processing, and network security. Among the various biometric techniques, hand geometry is a particularly promising approach due to its high reliability for personal identification.
Hand geometry technology combines computer vision, pattern recognition, statistical inference, and optics. Its purpose is the high-confidence recognition of a person's identity by mathematical analysis of the patterns obtained from his or her hand. One of the most important current approaches is the generation of feature vectors that correspond to individual hand images, and to match the hand geometry based on some of these features.
One of the difficult problems in feature-based hand geometry recognition is that its matching performance is significantly influenced by several parameters of the feature extraction process (e.g. spatial position, orientation), which may depend on the environmental factors of the image acquisition. To address these difficulties, deformable models have been extensively studied in biometric image segmentation, with promising results.
Although the term deformable models first appeared in a work by Terzopoulos and his collaborators in the late eighties [5] [6] [7] , the idea of deforming a template to extract image features dates back much further to Widrow's rubber mask technique [2] . Similar ideas were also used in the work of Blake and Zisserman [1] . The popularity of deformable models is largely due to the seminal paper "Snakes: Active Contours" by Kass, Witkin, and Terzopoulos [9] . Since its publication, deformable models have grown to be one of the most active and successful research areas in image segmentation.
The paper is organized as follows. In Section 2 we present an overview of the traditional snake solution, focusing on the relevant energy terms. In Section 3 we present our approach to the dynamic positioning of snake nodes, which is based on analyzing the snake energy terms. Experimental results are presented in Section 4, which evaluate the performance of our approach on the hand geometry segmentation problem in biometric applications. We conclude and comment on the research in Section 5.
II.SNAKE MODEL

A. Energy Functions
In general, the energy function of a snake contains descriptions of its internal and external forces as well as external constraints. The internal forces allow the contour to stretch or bend at a specific point, while still maintaining a certain smoothness and continuity. The external force attracts the contour to significant features of the image (namely the hand location), while the external constraints represent user-imposed restrictions. The total energy of each point is expressed as a sum of individual energy terms: (1) where Econt and Ecurv are the first-and secondorder continuity constraints (the internal snake forces), Eedge is the edge strength (the external snake force), and a, b, and γ are the relative weights of each energy term. Strengthening the internal forces tends to produce smoother snake curves, while strengthening the external force attracts the snake to edge locations in the image.
B. Curvature Term
If v i (x i ,y i ) is a point on the contour, the first energy term in the total energy function is defined as follows: (2) where d av is the average distance between points. This quantity is defined as follows for a snake with n points:
The continuity energy term guarantees that the snake points will be evenly spaced, while minimizing their distance from each other.
C. Continuity Term
This is an estimation of the snake's second derivative, and is calculated as (4) Since the continuity term tends to produce evenly spaced points, the above term gives the snake curvature multiplied by a constant. This constant is insignificant, however, because the curvature term is normalized in the neighborhood of each point.
D. Edge Term
This energy term describes the external force that attracts the snake to the hand location in the image. In general, it forces points to move towards image edges. This term may be expressed as (5) M. C. D'Ornellas where I(v i ) is the image function (gray values) at snake point v i . We use a negative sign to attract the snake to image points with high gradient values [3] [4] . Since the gradient is a metric for image edges, the snake is thus attracted to strong edge points. The image gradient is normalized at each point to handle even small gray value variations in the neighborhood of that point.
E. Optimization Procedure
After the snake contour is initialized, the points along the contour are moved to new energy minima through an iterative procedure. In each iteration, an optimization process is used to compute the new snake location. We use an alternative approach in our implementation first suggested in [8] . This approach has been found to be faster than dynamic programming, and more stable and flexible than the variational calculus approach. This is the method used in our implementation of snakes.
III.PROPOSED METHOD
A. Fundamentals
Our main objective is to improve the accuracy of hand extraction by selectively intensifying the resolution of the snake's interpolation. By requiring equally distributed nodes, common snake solutions do not take into account the geometric complexity of the extracted object. This lowers the accuracy of the representation extracted from the image. In hand extraction, this is commonly manifested by a polygonal approximation that deviates from the actual hand by few pixels. To overcome such problems we propose an adaptive and iterative snake solution where each iteration is analyzed to 1. Remove redundant nodes; and 2. Locally enhance the solution as necessary, to better capture the geometric complexity of the extracted feature.
Our argument is that the quality of the snake solution is described by the local values of its corresponding energy terms. More specifically, the output result of a snake solution includes the optimized coordinates of snake nodes, the energy values at each point, and the energy components (continuity, curvature and edge). These energy components indicate how well the snake has performed at each point. A general flowchart of the proposed method is shown in Fig. 1. 
B. Node Detection
A more specific flowchart for this operation is shown in Fig. 2 . The purpose of node deletion is to improve the efficiency of the hand extraction by removing points whose loss will not lower the extraction accuracy. In order to achieve this we set the following conditions for node deletion (assuming the gradient values are given): (a) the radiometric information must be good, and (b) the curvature term must be very low.
The first condition is a high probability that the point belongs on the hand edge. Whether or not the gradient is good can be inferred from the (absolute) high edge term. If E edge is the radiometry term, we define this threshold (E edge ThrHigh) as: (6) Points having E edge values greater than E edge ThrHigh are candidates for deletion.
The second rule guarantees that the geometry of the snake will be minimally affected. The smoothness of the snake is described in the curvature term. If the curvature of a point is low, it implies that the snake is very smooth (close to a straight line) in that area. If E curv is the curvature term, we define the threshold (E curv ThrLow) as: (7) Any points having E curv lower than E curv ThrLow are also candidates for deletion. Finally, we select points satisfying these rules for deletion. The next step is to insert points between the remaining snake points. 
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C. Node Insertion
The flowchart of this operation is also presented in Fig. 2 . The objective of this operation is to improve the accuracy of object extraction by inserting additional nodes in those areas where the snake has not performed well, or where its resolution was insufficient to follow the actual hand curvature. The following rules are used for point insertion: the radiometry must be poor, or the curvature must be high.
The first condition identifies areas where there are gaps in the continuity of the hand. As in the previous subsection, poor radiometry can be inferred from the low edge term. The threshold used for poor radiometry is the same (E edge ThrHigh) as that given in the previous subsection. This time, however, points with E edge lower than E edge ThrHigh are the candidates for point insertion.
The second condition identifies areas where the snake resolution is not large enough to follow the curvature of the hand. We define the threshold for high curvature (E curv ThrHigh) as: (8) Any points with E curv higher than E curv ThrHigh are candidates for insertion. If either of these criteria is satisfied, then one additional point will be inserted on each side of the point under investigation, using a centered threepoint interpolation. The thresholds EnHigh and EnLow can either be defined by the user or selected automatically through a statistical analysis of the snake solution data.
IV.EXPERIMENTAL RESULTS
The approach described in this paper has been implemented using Matlab and a database of 10 different image acquisitions from each of 50 people. These 500 images are all of the right hand. The users in our system could place their palm freely on the scanning surface; we do not use pegs, templates, or any other annoying method to capture the users' hands.
Most of the users are between 23 and 30 years old; we have selected the users to have approximately equal hand characteristics, to evaluate how the algorithm performs under ideal conditions. The male-to-female ratio is not even; 68% of the users in the database are males.
The images were acquired using a typical desk scanner at 8 bits per pixel and a resolution of 150 dpi. To simplify later computations, every scanned image was scaled down by a factor of 25%. Table 1 summarizes the image database characteristics. Our experimental set-up is designed to make the user comfortable with the system. We took images from 57 users to arrive at a database of 50 error-free users. We discarded images where the hand was hidden by clothes, images where a fingertip was out of the image, etc. A given user was completely discarded from the database if any one of his or her 10 scanned images had any error. The users adapted to the system quickly after brief instruction. In order to evaluate the performance of this approach, we need to define a quality index for the accuracy of the extraction. For each line segment (N i -N i+1 ) between neighboring snake points we identify the midpoint M i . Next we calculate the distance (d i ) between this midpoint and the hand, and define the quality index (Q) as the mean of all these distances:
The units of Q are pixels. Smaller values of Q indicate a snake solution that is closer to the true hand, and therefore indicate better solutions.
Similar experiments were performed on the remaining images and hand segments. A representative subset of the results is given here to demonstrate the performance of our approach, 
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The window captures in Fig. 3-6 give an example of the proposed snake solution and hand segments extraction. The solution shown in Fig. 6 requires 47 snake nodes, and its quality index Q is 12. V.CONCLUSION
In this paper we presented a new, more accurate method of biometric hand extraction using snakes. Our approach is based on an iterative adjustment of the snake solution, which allows additional nodes to be inserted and redundant nodes to be deleted at each stage. The resulting solution is better able to describe the complexity of the extracted line. This dynamic manipulation of the node distribution is based on an analysis of the energy terms in the snake solution.
This algorithm is a promising tool for the biometric analysis of hand images for security purposes. It will provide experts with a tool for the measurement and physical interpretation of deformation in hand images, and can thus be of great aid in the interpretation and indexing of these images through metadata. He currently heads the UFSM Multimedia Information Processing Research Group, which is dedicated to the development of advanced image processing and analysis systems. His research is focused on three areas, namely, image segmentation, software development for imaging systems, and algorithms for image understanding. Dr. d'Ornellas was the recipient of Universo On-line Fellowship for Information Security in 2005. He is a CNPq, CAPES, MEC consultant and a member of the SBC, ACM, and IEEE.
